Chemometric techniques were applied to evaluate the spatial and temporal heterogeneities in groundwater quality data for approximately 740 goldmining and agriculture-intensive locations in Ghana. The strongest linear and monotonic relationships occurred between Mn and Fe. Sixty-nine per cent of total variance in the dataset was explained by four variance factors: physicochemical properties, bacteriological quality, natural geologic attributes and anthropogenic factors (artisanal goldmining). There was evidence of significant differences in means of all trace metals and physicochemical parameters (p < 0.001) between goldmining and non-goldmining locations. Arsenic and turbidity produced very high value F's demonstrating that 'physical properties and chalcophilic elements' was the function that most discriminated between non-goldmining and goldmining locations. Variations in Escherichia coli and total coliforms were observed between the dry and wet seasons. The overall predictive accuracy of the discriminant function showed that non-goldmining locations were classified with slightly better accuracy (89%) than goldmining areas (69.6%). There were significant differences between the underlying distributions of Cd, Mn and Pb in the wet and dry seasons. This study emphasizes the practicality of chemometrics in the assessment and elucidation of complex water quality datasets to promote effective management of groundwater resources for sustaining human health.
Armah ).
The need to expand research and monitoring efforts and develop a comprehensive, consistent, and reliable database from which to better understand and characterize existing conditions in groundwater, identify existing and potential problems, establish priorities, and develop viable groundwater policies and strategies is at the very least compelling but it is a complex challenge. In this context, Gazzaz et al.
() mention that water analyses usually generate bulky and complex datasets constituting large numbers of samples and water quality parameters whose analysis and interpretation using univariate and bivariate statistical methods can be far from complete. This brings into sharp focus the impor- tors that affect water quality and also help in determining solutions to these problems (Varol et al. ) .
Notwithstanding the utility of chemometrics in the assessment of water quality data at the multivariate level, currently our understanding of groundwater quality is partial with a substantial assortment of missing pieces.
Existing programs of acquiring and managing groundwater monitoring data in developing countries such as Ghana are inadequate to meet groundwater quality challenges. Furthermore, with few exceptions (see Armah ) , only a few studies have assessed groundwater quality in Ghana using a combination of multivariate statistical approaches to elicit a comprehensive picture of the spatial and temporal distributions and the complex interplay of physicochemical factors, trace metals, and bacteriological parameters. This is a fundamental motivation for this study. Three broad objectives were formulated to guide this study. The first was to assess zero-order relationships among physicochemical and trace metals in the original and transformed groundwater data from 738 locations in Ghana. This was achieved via Spearman and Pearson product moment correlations, respectively. Second, the study evaluated the spatial and temporal variability of groundwater quality parameters.
This objective was met using principal component analysis/ factor analysis (PCA/FA) and Wilcoxon rank-sum (Mann-Whitney) test, respectively. Third, the pollution status of each location was investigated using negative log-log regression and discriminant analysis (DA).
MATERIALS AND METHOD

Study area
The exact location from which groundwater tests were collected and a thorough exposition of the study site as well as an exhaustive representation of the study zone are very much archived by Armah () . Briefly, the monitoring locales for this study were of the following distribution:
Ayanfuri (16) rural agricultural zone, is astoundingly level, shaping a delicately moving low-lying relief with topographic rises running from 120 m to 180 m above mean sea level.
Sampling and laboratory analysis of bacteriological and chemical parameters
The procedures of water sampling and laboratory analysis of groundwater quality adopted for this study has extensively been described by Armah () . Geo-satellite positioning of the exact locations of all the groundwater zones were resolved with a Garmin Etrex GPS (Garmin International, Inc., Olathe, Kansas, USA). Acceptable sampling protocol standards (APHA , ) were followed during sampling of all the 738 samples that were collected. Before sampling, bottles were washed twice with detergent and rinsed with 10% hydrochloric acid and de-ionized (DI) water. Furthermore, at each of the sampling sites, the bottles were flushed with DI water to diminish or totally dispose of any pollution that might be present. At each location, the water was left running for approximately 3 minutes to cleanse the system before it was collected. One millilitre (1 mL) of concentrated nitric acid (HNO 3 ) was introduced to samples being prepped for metal analyses to acidify the same. The samples were promptly put into coolers containing ice (around 4 W C) and sent to the laboratory for analysis. This was necessary to prevent growth of microbes, flocculation and lessen any adsorption on container surfaces, processes which could confound the results of the analysis. Globally acknowledged and standard laboratory techniques were followed in the analysis of the samples (APHA ). At every sampling position, physicochemical water quality parameters, such as pH, electrical conductivity (EC), temperature, and turbidity were measured in situ utilizing the AQuanta multi-parameter water quality meter (Hydrolab Corporation, USA). Standard methods prescribed for the analysis of various elements and parameters (APHA ) were adopted for the laboratory analysis. Two 500 mL of water samples were collected at each location into two labelled bottles and were sent to two independent laboratories for analysis. To guarantee quality control and reproducibility of the results, each of the laboratories were sent a full complement of tests to examine. The samples were evaluated for nutrients (nitrates) and other water quality parameters, such as coliform microbes, pH, electrical conductivity, dissolved solids, and turbidity. Flame atomic absorption spectrophotometry, as described by Armah et al. (a, b) and
Armah (), was employed to determine elemental concentrations of As, Cd, Fe, Mn, and Pb. In the present study, standard reference materials were utilized to check the precision of metal analysis in total concentration and the sequential extractions. Heavy metals recovery rates in the standard reference material were around 85-110%. Furthermore, the total concentrations of metals in sediments of successive extraction were equivalent to the independent aggregate concentrations, with recovery rates of 82-104%. Blanks for reagents were likewise utilized for error calculation and background corrections. No less than one duplicate was run for every six specimens to affirm the accuracy of the successive extraction technique. In all the analyses conducted, the precision and biasness were below 10%. DA DA, a multivariate statistical technique, is commonly used to build a predictive or descriptive model of group discrimination based on observed predictor variables and to classify each observation into one of the groups as shown in Equation (1):
Data treatment and multivariate statistics
where i is the number of groups (G), k i is the constant inherent to each group, n is the number of parameters used to classify a set of data into a given group, w j is the weight coefficient, assigned by DA to a given selected par- 
RESULTS AND DISCUSSION
Summary statistics of groundwater quality parameters Table 1 shows ter than a normal distribution with a wider peak. The probability for extreme values is less than for a normal distribution, and the values are wider spread around the mean. Table 1 is greater than 3 and suggests leptokurtic distributions characterized by sharper than a normal distribution, with values concentrated around the mean and thicker tails. This means high probability for extreme values. None of the variables had kurtosis of 3, implying that none of the distribution was mesokurtic.
Kurtosis of all other variables in
Monotonic and linear relationships between groundwater quality parameters
The purpose of this section is to determine strong correlation between two parameters. This is useful in source apportionment and the identification of the origin of the bacteriological and physicochemical parameters. From Table 2 , it can be In all, the set of data contains nine correlations above 0.50, including four generated by Spearman's method ( Variance factor 3, which has strong factor loadings on Fe, epitomizes the natural geologic attributes of the groundwater.
This finding is consistent with the previous work by Armah Variance factor 4 had a strong positive factor loading on As and reflects the goldmining activities in some of the study locations. This is consistent with the findings of Armah et al.
(b). It has been suggested that in instances where the spatial extent of As contamination of groundwater is wide, the sources of the As are likely to be geogenic (see Smedley 
DA
A DA was conducted to predict whether a particular groundwater sample was obtained from a goldmining area or not.
Predictor variables were conductivity, total dissolved solids, turbidity, nitrate, heavy metal concentrations (arsenic, cadmium, iron, manganese, lead), and pH. Significant mean differences were observed for all the predictors on the dependent variable. While the log determinants were quite similar, Box's M indicated that the assumption of equality of covariance matrices was violated. However, given the large sample, this problem is not regarded as serious. The discriminate function revealed a significant association between groups and all predictors, accounting for 41.09% of between group variability, although closer analysis of the structure matrix revealed two significant predictors, namely turbidity (0.650) and arsenic (0.560). The cross-validated classification showed that overall 82.0% were correctly classified.
We initially examined whether there were any significant differences between goldmining and non-goldmining locations based on the trace metal concentrations and physicochemical parameters using group means and analysis of variance (ANOVA) results data. The results of group statistics and tests of equality of group means indicated significant group differences. For example, mean differences between pH scores and turbidity scores suggest that these may be good discriminators as the separations are large. Table 4 provides strong statistical evidence of significant differences between means of goldmining and non-goldmining locations for all trace metals and physicochemical parameters (p < 0.0001) with arsenic and turbidity producing very high value Fs. The pooled within-group matrices (Table 4 ) also support use of these independent variables as inter-correlations are low.
The pooled within-group matrices, Wilks' lambda, standardized canonical discriminant functions, and the coefficients of structure matrix are depicted in Wilks' lambda indicates a highly significant function (p < 0.0001) and provides the proportion of total variability not explained, i.e., it is the converse of the squared canonical correlation; that is, 58.9% unexplained. The interpretation of the discriminant coefficients (or weights) is similar to multiple regressions. Table 4 provides an index of the importance of each predictor. The sign indicates the direction of the relationship. Arsenic (As) was the strongest predictor while cadmium (Cd) was next in importance as a predictor.
These two variables with large coefficients stand out as those that strongly predict allocation to the goldmining or non-goldmining category. All the other factors were less successful as predictors. The structure matrix table (Table 4) shows the correlations of each variable with each discriminate function. These Pearson coefficients are structure coefficients or discriminant loadings. They serve as factor loadings in factor analysis. Based on the largest loadings for turbidity and arsenic, it can be deduced that 'physical properties and chalcophilic elements' was the function that most discriminated between non-goldmining and goldmining locations. Generally, just like factor loadings, 0.30 is seen as the cut-off between important and less important variables.
From the coefficients of the canonical discriminant function in Table 4 : Arsenic (As) was the strongest predictor followed by cadmium (Cd). These two variables had large coefficients and stood out as those that strongly predicted allocation to the goldmining or non-goldmining category. Although there were no observed seasonal variations in As and Fe concentrations in groundwater samples, E. coli and total coliforms were unexpectedly higher in the dry season than in the wet season. Except for Cd, groundwater monitoring sites with higher pH values, As, Fe, and Pb had higher odds of being polluted. On the whole, goldmining locations were more likely to be polluted compared with non-goldmining areas.
The foregoing suggests that interactions between surface water and groundwater resources are often intertwined such that active cross-sector dialogue and integrated vision are also needed to stimulate sustainable surface and groundwater management. To be effective policies on groundwater quality must be tailored to local hydrogeological settings, artisanal goldmining activities, and agro-economic realities.
Furthermore, the implementation of such policies demands appropriate institutional arrangements with distinct emphasis and statutory power for groundwater management, full involvement of the goldmining community, and more mainstreaming of industrial development goals with groundwater quality.
